O ne of the main assumptions in research on designing supply contracts is that decision makers act in a way that maximizes their expected profit. A number of laboratory experiments demonstrate that this assumption does not hold. Specifically, faced with uncertain demand, decision makers place orders that systematically deviate from the expected profit maximizing levels. We have added to this body of knowledge by demonstrating that ordering decisions also systematically depend on individual contract parameters and by developing a behavioral model that captures this systematic behavior. We proceed to test our behavioral model using laboratory experiments and use the data to derive empirical model parameters. We then test our approach in out-of-sample validation experiments that confirm that, indeed, contracts designed using the behavioral model perform better than contracts designed using the standard model.
Introduction
Supply contracts are used to align the incentives of channel members, and there exists a rich body of literature that analyzes how different types of supply contracts can be used to do so (see Cachon 2003 for an overview). Buyers in a channel are typically modeled in one of two ways: either as a monopolist facing a downward-sloping market demand (see Tsay et al. 1998) or as a newsvendor facing an exogenous retail price and random market demand (see Lariviere 1998) . We focus on the newsvendor buyers.
A common assumption in the analytical literature is that decision makers choose order quantities that maximize their expected profit.
1 However, a number of authors have shown that this assumption does not necessarily hold with actual decision makers. In laboratory experiments, human decision makers place orders that are inconsistent with an expected profit maximizing behavior (see, e.g., Schweitzer and Cachon 2000 , Bostian et al. 2008 , Bolton and Katok 2008 . The experimental results are robust.
In all experiments that we are aware of, demand chasing and anchoring effects have been observed. The demand chasing effect refers to the observation that people adjust order quantities based on previous demand realization. The anchoring effect refers to the observation that people anchor on the mean demand and place orders that are between the mean demand and the expected profit maximizing quantity. Most experiments use a setting that corresponds to a wholesale price contract, but similar results have also been observed with buyback and revenue sharing contracts (Katok and Wu 2009 ).
There exists a large stream of literature on supply contracting that uses the newsvendor model as a building block and a growing stream of literature from behavioral operations that shows that human subjects do not order according to this model. In this paper, we bridge the gap between these two streams of literature. We develop a behavioral order model that predicts orders of human decision makers more accurately than the newsvendor model. We then use the behavioral model to replace the newsvendor model in a supply contracting model and show that contracts that are based on the behavioral order model perform better than contracts that are based on the newsvendor model. This paper makes three contributions. First, we are the first to document that buyback contracts with the same critical ratio (i.e., the same expected profit maximizing order quantity) but different contract parameters result in different order quantities. The implication is that it does not suffice to analyze the critical ratio to predict order quantities (as suggested by the supply contracting and behavioral operations literature), but that the individual contract parameter values must be taken into account. Second, we provide a behavioral model that explains actual orders more accurately than the standard model. We base our behavioral model on prospect theory and mental accounting Tversky 1979, Thaler 1985) and conduct laboratory experiments to motivate the model. The insights gained from the analyses help us to understand the decision-making process of human decision makers, and we build on these insights to develop a behavioral model to predict ordering behavior. Third, we show how the behavioral model can be used to design supply contracts that incentivize subjects to place first-best orders. We test our model using out-of-sample validation experiments, in which we successfully incentivize decision makers to place orders that are closer to first-best than under the newsvendor model.
Analytical Background
One of the standard settings that the supply contracting literature analyzes is a channel with a single seller and a single buyer (see Cachon 2003 for an overview). The seller has linear production costs of c per unit and no capacity constraint. The buyer faces a random demand with cumulative distribution function F · and exogenous retail price r. The seller is offering a supply contract to the buyer, who decides on the order quantity S and places the order with the seller. The seller produces the order and delivers it to the buyer, who sells the product to customers. The order quantity depends on the type and parameters of the supply contract. One commonly analyzed supply contract that can, in principle, be used to maximize the expected channel profit is the buyback contract (Pasternack 1985) , and we focus on this contract in this paper.
Under a buyback contract, the seller offers the product to the buyer at a unit wholesale price w that is at least as high as the unit cost c. The buyer can return unsold units to the seller at a unit buyback price b. The seller can salvage the excess inventory at unit salvage value v (which, without loss of generality, we assume to be zero in the remainder of this paper). The buyer faces the classic newsvendor problem (Arrow et al. 1951) , and the order quantity that maximizes the expected profit of the buyer is
The term in parentheses is referred to as critical ratio.
The subscript NV indicates that this is the order quantity under a newsvendor model. The order quantity that maximizes the expected channel profit is
and is referred to as first-best order.
If the optimal order quantity of the buyer is equal to the first-best order, then the channel is said to be coordinated because the expected channel profit is maximized. This is the case if the critical ratios of Equations (1) and (2) are the same. Setting the critical ratios equal and solving for b yields
The supply contracting literature assumes that buyers order S * N V according to Equation (1). Then the buyback price b F B maximizes the expected channel profit. However, if buyers deviate from Equation (1), then the buyback price that induces the buyer to place first-best orders will generally be different. From an expected channel profit perspective, a buyback price b = b F B might then deliver higher expected channel profits than would b = b F B .
Development of Behavioral Model
Various authors have shown that human subjects do not order according to the newsvendor model when they are offered supply contracts (e.g., Bostian et al. 2008 , Katok and Wu 2009 , Bolton et al. 2012 . Most experiments have focused on the newsvendor model with a wholesale price contract, which can be thought of as a buyback contract with a buyback price of zero. In laboratory experiments, the average order quantities of decision makers tend to lie between the newsvendor quantity and the mean demand. The literature has identified two main explanations (see, e.g., Bolton and Katok 2008 , Bostian et al. 2008 , Schweitzer and Cachon 2000 . The first explanation is the chasing effect, i.e., the adjustment of current order quantities toward previous demand realizations. The second explanation is the anchoring effect, i.e., the anchoring of orders on the mean demand.
Previous research has observed demand chasing and anchoring effects for a given set of contract parameters but has not analyzed how the values of the contract parameters affect ordering decisions. We start our analyses with a simple experiment in which we offer decision makers two contracts with different parameter values but identical critical ratios ( §3.1). It turns out that these contracts result in significantly different order quantities, although their newsvendor quantities are identical. This effect has not been previously documented because previous laboratory experiments investigating newsvendor behavior have focused on a small number of contract parameter value combinations with different critical ratios. We show that the effect can be explained by mental accounting ( §3.2) and use the insight gained from the analyses to develop a behavioral order model ( §3.3).
Effect of Contract Parameters on Orders
Consider a buyer who is offered a supply contract with wholesale price w and buyback price b. The supply contracting literature suggests that the decision maker computes the critical ratio CR = r − w / r − b and determines the newsvendor order quantity according to Equation (1). We take as baseline (null) hypothesis the optimal policy of the newsvendor model:
Hypothesis 1. The order quantity of buyers is S * N V . The behavioral literature provides evidence that actual mean orders differ from the newsvendor quantity, and we do not expect Hypothesis 1 to be fully borne out. Specifically, the behavioral literature suggests that actual mean orders are between the newsvendor quantity and the mean demand. However, for settings where the newsvendor quantity is equal to the mean demand, the literature suggests that mean orders are equal to the newsvendor quantity.
Another hypothesis concerns the individual contract parameters for a given critical ratio. Various contract parameter combinations w b result in the same critical ratio CR = r − w / r − b and therefore in the same newsvendor order quantity. In other words, the orders of expected profit maximizing buyers are not affected by the individual contract parameters w b if they result in the same critical ratio. This is formally stated in Hypothesis 2.
Hypothesis 2. The order quantity of buyers depends on the critical ratio only, not on the individual contract parameters.
We test the hypotheses by offering subjects two contracts with different contract parameter values but the same critical ratio: Contract I has parameter values w = 50 and b = 0 and Contract II has parameter values w = 80 and b = 60. Unit revenue is r = 100 and demand is uniformly distributed between 0 and 100. The critical ratio is CR = 0 50 under both contracts, resulting in newsvendor orders of S * N V = F −1 0 50 = = 50 under both contracts. Because newsvendor orders are equal to the mean demand, potential deviations of actual orders from the newsvendor quantity cannot be explained as the result of anchoring on the mean demand.
We conduct an in-class experiment with N = 53 undergraduate students. Students receive a one-page briefing on the problem and are asked to select order quantities under both contracts (Experiment 1). We do not provide information on demand realizations to avoid demand chasing effects. Under Contract I, average actual orders areS = 41 2 ( = 23 0) and are significantly below newsvendor orders of 50 (two-tailed Wilcoxon signed-rank test, p = 0 009). Under Contract II, average actual orders areS = 59 4 ( = 26 8) and are significantly above newsvendor orders of 50 (two-tailed Wilcoxon signedrank test, p = 0 019). Therefore, we reject Hypothesis 1. The difference in average actual orders is S = 59 4 − 41 2 = 18 2, which is significantly different from zero (two-tailed Wilcoxon signed-rank test, p < 0 001). Therefore, we also reject Hypothesis 2.
The results of the experiment provide interesting insights: First, they show that under a buyback contract subjects do not necessarily order between the newsvendor quantity and the mean demand. Second, they show that individual contract parameter values, and not only the critical ratio, affect orders.
Because neither demand chasing nor anchoring can explain these two regularities, some additional effects must be considered to explain actual behavior. We argue that people perform certain cognitive operations when making a decision.
Mental Accounting
A concept that encapsulates these cognitive processes is mental accounting Tversky 1979, Thaler 1985) , which has been used to explain many effects that are inconsistent with expected profit maximizing behavior. Mental accounting requires the specification of the way elementary outcomes are evaluated, how they are combined, and how the combined outcomes are valued (examples of mental accounting are provided next). Downloaded from informs.org by [129.110.242 .32] on 12 September 2014, at 10:29 . For personal use only, all rights reserved.
3.2.1. Evaluation of Outcomes. If, consistent with the standard contracting models and standard economic theory, decision makers maximize their expected profit, then people's valuation of income should not be affected by the source of the income but only by the total income. Under a buyback contract, we have two sources of income, income from sales to customers and income from returns to the supplier. If the standard assumption of the contracting literature holds, then people should be indifferent to the source of the income, which is stated in Hypothesis 3.
Hypothesis 3. People are indifferent to the source of income. They give equal value to income from sales to customers and income from returns to the supplier.
To test the hypothesis, we use a procedure similar to the one employed in Thaler (1985) The results of the experiment show that the source of the income matters to many people, and we reject the standard economic hypothesis that people are generally indifferent to the source of the income (Hypothesis 3).
Our results are in line with the mental accounting arguments that state that different sources of income can be associated with different values (Thaler 1999) . For instance, O'Curry (1997; cited in Thaler 1999) shows that people value and use the winnings of an office football pool differently than they do income tax refunds, and Kooreman (2000) shows that changes in child allowance income affect spending differently than do changes in other income categories.
We follow Thaler (1999) and argue that the source of income matters. We model the different values associated with income from sales and returns by multiplying the income from returns by a parameter , where > 1 corresponds to a higher valuation of income from returns than from sales and vice versa. 
Combination of Elementary Outcomes.
There are various ways a decision maker can frame a problem (Tversky and Kahneman 1981) . A natural framing of our problem is the standard textbook framing (e.g., Nahmias 2008) of the newsvendor model, where the decision maker computes underage cost (in our setting, the unit profit margin) and overage cost (in our setting, the unit cost of unsold products), and we use this framing in our model, resulting in two separate accounts, one for sales, and one for leftovers. (Kahneman and Tversky 1979) to evaluate outcomes (Thaler 1999) . Because the elements of the expected profit function of our model are relatively flat and we are looking for a parsimonious model to explain the behavior, we use a linear value function. This makes our model analytically tractable and we have to estimate only a single parameter of the value function (loss parameter ) as opposed to more parameters for the nonlinear value function.
The value that is assigned to the monetary stream x is v x = − x − + x + , where x − is equal to the absolute value of x if x is negative and 0 otherwise, and x + is equal to x if x is positive and 0 otherwise. If people apply the value function to the total monetary outcome, then the relevant monetary stream x is the total monetary outcome. However, if people use multiple mental accounts, then the value function is applied to each account (Thaler 1999 ).
2 Separate concave value functions can also explain the results of Experiment 2 (see Thaler 1985) . We analyze this alternative explanation by conducting an additional experiment. We asked 66 students of the University of Cologne about the happiness of Mr. A (Mr. B), where Mr. A (Mr. B) receives 150 (50) euros from sales and 50 (150) euros from returns. Who is happier? Mr. A (38), Mr. B (16), no difference (12). If people apply the same concave value function to both income streams, then Mr. A and Mr. B are equally happy. Because only 12 out of 66 subjects evaluate the happiness of Mr. A and Mr. B equally, people seem not to apply the same value function to both income streams. We note that the results do not suggest that the value function is not concave but suggest that the value functions are different for sales and returns. 3 We use our framing as opposed to other possible framings that apply, for instance, the value function to the final outcome, because we find indications that our framing is used in the debriefing of Experiment 1. We ask the subjects of Experiment 1 about the rationales behind their decisions. Out of the 43 subjects who provide answers, 28 (65%) subjects state that they base their decisions on the profit margin, 24 (56%) state that they base their decision on the unit cost of unsold products, and 19 (44%) state both. These factors are the most often mentioned factors, followed by the buyback price (11 subjects, 26%), the wholesale price (3 subjects, 7%), and the unit revenue (1 subject, 2%).
Behavioral Model
Under our framing, people consider the upside and downside potentials of their order decisions separately. The upside potential is the income associated with selling products. For a demand realization d, it is r − w min S d , where min S d is the number of units sold. The downside potential is the loss associated with leftovers-the cost of overage. It can be computed as − w − b S − min S d , where S − min S d is the number of units returned. We apply the value function to each monetary stream to obtain the value associated with decision S and demand realization d,
Because revenues from sales are nonnegative and losses from leftovers are nonpositive, we obtain
In the experiments above, we have focused on situations with a critical ratio of 0.50 and symmetric demand. In such situations, an anchoring effect is not relevant because the optimal order quantity is equal to the mean demand. However, there is ample evidence that people generally anchor on the mean demand. Therefore, we include an anchoring effect in our model. We use the approach of Benzion et al. (2008) and specify an anchoring parameter that assigns a weight of to the mean demand and a weight of 1 − to the solution without anchoring.
4
Restricting the parameters to 0 ≤ ≤ 1, > 0, and r > w > b > 0 to avoid unreasonable results, it is straightforward to obtain the optimal order quantity of the behavioral model:
Next, we conduct an experiment with a variety of critical ratios and contract parameter combinations and then validate the model. 4 An alternative to introducing the anchoring parameter directly would be to include a rationale for the ordering bias in the model. For instance, one could follow the Ho et al. (2010) approach and add a cost parameter for the units over-ordered and under-ordered. If the ratio of those parameters is smaller than the true overage and underage costs in high profit conditions (higher in low profit conditions), then orders become biased toward mean demand. The two modeling approaches are similar and result in a similar fit. In our setting, an advantage of the direct approach is that we do not have to hypothesize a rationale for the order bias and that the behavioral parameters and and their magnitude can be interpreted as the degree of mean demand anchoring and the degree of loss aversion, interpretations that are frequently used in the behavioral literature.
Design of the Main Experiment
We use a laboratory experiment to analyze how the wholesale price and buyback price affect order quantities. We spend the first 15 minutes of the experiment briefing the subjects. The briefing consists of four sections (the online appendix, available at http://www.scmms.uni-koeln.de/25675.html, contains the charts used during the briefing and screenshots of the software):
1. Problem description (six minutes): We start the briefing by explaining the newsvendor problem. In synopsis, the purchase price to be paid for buying a unit of the product is w talers per unit, it can be sold to customers for r = 100 talers per unit, and unsold units can be returned at b talers per unit. Demand is uniformly distributed between 1 and 100 units and independent between periods. To illustrate how profit is computed, we provide an example with w = 60, b = 30, an order quantity of 10, and a demand of 80, resulting in a profit of 400. We provide a second example with the same wholesale price and buyback price, but an order quantity of 70 and a demand of 20, resulting in a profit of −700.
Exercises (three minutes):
To analyze whether the subjects understand the basic relationships of the problem, we ask them six test questions: We ask them to compute the number of units sold, the number of units left over, and the profits for two examples. In Example 1, we use w = 70, b = 10, order quantity = 70, and demand = 80; in Example 2, we use w = 70, b = 10, order quantity = 70, and demand = 20. After three minutes, we collect the answers and evaluate them after the experiment: 68% of the subjects answer all questions correctly. Thirty-two percent of the subjects make at least one mistake. Those who make mistakes answer on average 1.6 of the six questions incorrectly.
3. Presentation of solution (three minutes): After collecting the exercises, we present the correct solutions. The objective of this part of the briefing is to improve the understanding of the underlying problem even further.
4. Explanation of game (three minutes): During the last three minutes of the briefing, we provide a road map of the game, including information on the earnings that subjects receive after the game and screenshots of the software.
The actual game consists of two phases. In the warm-up phase, we present five contracts with different parameters and ask the subjects to place orders. The contracts are offered sequentially; that is, the following contract is displayed only after all subjects have chosen an order quantity. After the order quantities for the first five contracts have been chosen, we provide a summary screen that shows the parameters of the five contracts, the order quantities that are chosen Downloaded from informs.org by [129.110.242 .32] on 12 September 2014, at 10:29 . For personal use only, all rights reserved.
for each contract, and a random draw of the demand that is identical for all subjects (i.i.d. within subject).
In the data collection phase, we collect the data. We present 28 contracts, using the same approach as in the warm-up phase. The sequence in which we show the contracts is randomized. After all subjects have placed 28 orders, we provide a summary screen that shows the parameter values of the 28 contracts, the order quantities, a random draw of the demand (identical across subjects, i.i.d. within subject), and the final earnings.
Note that unlike most previous research, ours does not provide feedback after each decision because the focus of our study is not learning but the subjects' reactions to contract parameters.
We program the experimental software using the z-Tree system (Fischbacher 2007) and conduct the experiment at the University of Cologne. Thirty-one student subjects participate, and each subject plays exactly one session. Cash is the only incentive offered. Participants are recruited from the subject pool of the Cologne Laboratory for Economic Research (CLER) with the help of the recruitment software ORSEE (Greiner 2004) . At the end of the session, subjects are paid their average individual earnings from the game at a rate of 1 euro per 100 talers. The average earning is 13.54 euros, including a 2.50 euro participation fee for each subject. The session lasts approximately one hour. Table 1 shows the w and b combinations we use in the experiment and provides a comparison between newsvendor orders (left panel) and average orders and their standard deviations (right panel). We use values that span an equidistant grid over the feasible region of the contract parameter values. Newsvendor order quantity
Before we provide statistical analyses in the next section, we take an aggregate view of the data. Figure 1 provides a graphical representation of the results. The 45-degree line corresponds to the actual mean orders being equal to the newsvendor orders. The graph shows that the subjects exhibit the behavior predicted by the behavioral model: First, we observe that subjects tend to order on average more than newsvendor quantities for small critical ratios and less than newsvendor quantities for large critical ratios. This behavior is consistent with an anchoring parameter of > 0. Second, there exists a tendency to order on average less than newsvendor quantities, which is consistent with a loss parameter of > 1. Third, average order quantities are different for given critical ratios and increase in the buyback price, which is consistent with a value parameter > 1.
Analysis of Behavioral Models
We use the data of the laboratory experiment to estimate the parameters , , and of our behavioral model. In §5.1, we analyze an aggregate behavioral model that uses one set of behavioral parameters for all subjects. In §5.2, we analyze an individual behavioral model that uses a separate set of behavioral parameters for each subject.
Aggregate Behavioral Model
We estimate the behavioral parameters A , A , and A of the aggregate behavioral model where subscript n represents individual participants, subscript j represents contracts, and u n ∼ N 0 2 and nj ∼ N 0 2 are error terms. The superscript A indicates that this is an aggregate model, i.e., a model where we use a single set of behavioral parameters for all subjects.
We conduct a maximum likelihood estimation of the nonlinear random effects model
where f · denotes the probability density function for the order quantity S nj , given the parameters , and according to Equation (7). The resulting estimates are A = 0 279, A = 1 988, and A = 1 036. All three parameters are significantly different from the parameters of the newsvendor model; i.e.,
A is significantly different from 0 and A and A are significantly different from 1 (p < 0 001 for all parameters).
5 For the maximum likelihood estimation, we assume that the residuals are normally distributed, which is the case with our data (Kolmogorov-Smirnov test, for : p = 0 6502, : p = 0 5235; see the online appendix for details).
Next, we analyze the importance of using a full model with three behavioral parameters A , A , and A as opposed to a reduced model with fewer parameters by comparing the performances of the full and reduced models. Table 2 shows the results and reports the log-likelihoods and AICs (Akaike information criterion) of the models (Akaike 1981) . The log-likelihood of the full model (model (7)) is significantly higher than the log-likelihoods of all reduced models (models (1)-(6), 2 -test, p < 0 001). The AIC, which controls for the number of estimated parameters, is lower for the full model than for all reduced models, which indicates that the full model provides a better fit than the reduced models and that all three parameters A , A , and A are statistically justified.
6 Figure 2 shows that the orders estimated by the aggregate model are closer to average actual orders than the estimate of the newsvendor model (compare Figures 1 and 2) . However, individual orders can differ considerably from average orders (see in Appendix A, which show the actual orders and the orders predicted by the aggregate model for all subjects). We next show how the heterogeneity of the behavioral parameters can be addressed 5 If we eliminate the 11 subjects who do not answer all six test questions correctly, we get similar results: A = 0 271, A = 1 720, and A = 1 024. Again all three parameters are significantly different from the parameters of the newsvendor model at p < 0 001. 6 Note that is also conceptually important to explain the observed order quantities because for = 1 the order quantities are the same for different contracts with the same critical ratio. by estimating separate behavioral parameters for each individual.
Individual Behavioral Model
To take the heterogeneity of individuals into account, we estimate the behavioral parameters n n , and n for each subject n individually. We define the individual behavioral model
We refer to this model as the individual behavioral model because it uses one set of parameters for each individual. The model also uses subject specific variances nj ∼ N 0 2 n . We note that the residuals are only approximately normally distributed (see Figures B.1 and B.2 in Appendix B). The use of maximum likelihood estimation with normally distributed errors is justified because the distribution of the residuals is fairly symmetric and so the estimates are consistent. The resulting individual parameters n n , and n and the standard deviations of the error terms n of each individual are shown in Table 3 .
The aggregated model is nested in the individual model, and we can compare the fits of both models. The log-likelihood of the individual behavioral model is L I log = −2 999, which is significantly higher than the loglikelihood of the aggregate behavioral model of L A log = −3 565 ( 2 test, p < 0 001). The AIC of the individual behavioral model of AIC I = 6 248 is lower than the AIC of the aggregate behavioral model (AIC A = 7 140). We conclude that the individual behavioral model provides a better fit than the aggregate behavioral model.
Finally, we test if subject-specific variances of the error terms are necessary. We repeat the analysis above for a model with a common variance of the error term for all subjects. The AIC of this model is 6,795, which is greater than the AIC of the model with subject-specific variances (AIC I = 6 248). The log-likelihood is −3,302 and significantly smaller than the log-likelihood of the model with subject-specific variances (L I log = −2 999, likelihood ratio test: p < 0 001). The model with subject-specific variances has a better fit than the model with a common variance, and we will rely on it in our subsequent analyses.
We illustrate how the different models work using subject 26 (Figure 3 ). The figure shows the predicted and actual orders under three models: the newsvendor model, the aggregate behavioral model, and the individual behavioral model. The closer the dots are to the 45-degree line, the better the fit of the model.
The left graph of the figure shows the fit of newsvendor model. We see that actual orders of subject 26 are greater than newsvendor orders for small critical ratios and smaller than newsvendor orders for large critical ratios, which is modeled in the individual behavioral model by an anchoring parameter Figure 3 shows, the newsvendor model performs poorly.
The center graph of Figure 3 shows the fit of the aggregate behavioral model. It indicates that the aggregate behavioral model performs better than the newsvendor model. The aggregate behavioral model uses A = 0 279 A = 1 988, and A = 1 036. The values for and of the aggregate behavioral model are an improvement verses the values of the newsvendor model, but the value of is even worse than in the newsvendor model: subject 26 values income from sales higher than income from returns, which is rare and the opposite of what is used in the aggregate model.
With an aggregate behavioral model, such individual preferences are not appropriately modeled, whereas they can be appropriately modeled with an individual behavioral model. The right graph of Figure 3 shows how the individual behavioral model performs and illustrates that is provides a much better fit than the aggregate behavioral model and the newsvendor model.
We note that subject 26 is an extreme case. The parameters of this subject differ more from the parameters of the newsvendor model and the aggregate behavioral model than the parameters of most other subjects do. We use subject 26 to illustrate how individual behavioral models can handle such extreme cases. In Appendix A, we provide data on how the three models perform for each of the 31 subjects.
Validation Experiments
Above, we showed that a behavioral model can be fit, such that it models actual ordering behavior reasonably well. However, up to this point, our analyses were in-sample, meaning that we fit a model and measure its fit on the same set of contracts and subjects. We next proceed to analyze the accuracy of outof-sample predictions of the behavioral models and the benefit of using the behavioral models instead of the newsvendor model.
As a way to motivate the new set of experiments, we consider a channel with a single seller and multiple buyers. A contract designer is interested in designing contracts that maximize the expected channel profit (achieving a first-best solution). To this end, the contract designer analyzes historical order quantities and estimates the behavioral parameters , and of the buyers. Then she uses the behavioral model to determine contract parameters that result in first-best orders.
In our validation experiments, the objective is to incentivize first-best orders such that the expected channel profit is maximized. The reason that the firstbest solution is an important one to study is that it offers more potential benefits to both parties than any other solution that is not first-best. Our approach, in general, can be used to induce any desired solution (such as a manufacturer-optimal or retailer-optimal solution); but for demonstration purposes, and given the conceptual importance of the first-best solution, we use our approach here to induce the retailer to place first-best orders. The objective of achieving firstbest is appropriate, for instance, in situations where the seller and buyer belong to the same organization. For other settings and objectives, such as decentralized settings in which sellers design contracts to maximize their own expected profit subject to a reservation profit constraint of the buyer, the approach would be similar, but different target quantities would be incentivized.
In §6.1, we consider a setting in which the contract designer uses customized contracts for each buyer. She estimates the behavioral parameters for each buyer and uses individual behavioral models to design contracts that are tailored to each buyer. If legal or other restrictions prohibit the use of different contracts for different buyers, the contract designer must offer the same contract to all buyers. In §6.2, we consider this setting and use the aggregate behavioral model to compute contract parameters that incentivize, averaged over all buyers, first-best order quantities.
The approaches of § §6.1 and 6.2 assume that the behavioral parameters and are given (or have been estimated). Given the behavioral parameters, i.e., given the biases of the buyers, the contract designer chooses a contract that incentivizes the buyers to order first-best.
Instead of taking the bias of the buyers into account when designing a contract, a contract designer could attempt to de-bias the buyers by training them in the newsvendor model. If subjects do not order according to the newsvendor model because they cannot translate the problem parameters into expected profit maximizing orders and their objective to maximize expected profits, then training would shift the orders of the buyers closer to the newsvendor solution. Under contracts designed with the newsvendor model, trained buyers would place orders that are closer to first-best than would untrained buyers.
In §6.3 we analyze the effectiveness of training.
The monetary incentives in the validation experiments are the same as in the main experiment Downloaded from informs.org by [129.110.242 .32] on 12 September 2014, at 10:29 . For personal use only, all rights reserved.
(1 euro per 100 taler average profit plus a 2.50 euro participation fee).
Individual Behavioral Contracts
In our validation experiment, we use a two-phase approach. In Phase 1, we offer subjects several contracts and collect data on their order behavior. We then use the order data to estimate an individual behavioral model. In Phase 2, we use the individual behavioral model to determine contract parameters that incentivize first-best orders. We refer to these contracts as behavioral contracts (as opposed to contracts that are designed using the newsvendor model, which we refer to as newsvendor contracts). We offer the behavioral contracts to the subjects and analyze their performance.
6.1.1. Phase 1: Estimation of Behavioral Preferences. The objective of Phase 1 is to estimate the parameters of the individual behavioral model. We use the same general experimental setup as in the previous experiments with 30 new subjects. Nineteen of the 30 subjects answer all six test questions correctly and exhibit a good understanding of the underlying problem. In the validation, we use only these 19 subjects because these subjects are more representative of real buyers than are subjects who have trouble understanding the problem. In Phase 1, we offer all subjects 19 contracts. Table 4 shows the contracts we use, the newsvendor order quantities, the actual mean orders placed by the subjects, and, in parentheses, the standard deviations of the orders. Figure 4 presents the results visually.
We use the orders of the N = 19 subjects under the J = 19 contracts and estimate an individual behavioral model (Equation (9)). The parameter values are shown in Table 5 . So at the end of Phase 1, we have estimates of the behavioral parameters of each individual, which allow us to predict how order quantities are affected by the contract parameters.
Phase 2: Incentivizing Subjects to Order
First-Best. The objective of Phase 2 is to incentivize first-best order quantities. To cover a reasonable range of critical ratios, we choose critical ratios CR = 0 20, 0.29, 0.41, 0.50, 0.63, 0.71, 0.76, and 0 80. Note that the critical ratios are a subset of those used in Phase 1. We use the same critical ratios in the Phase 2 as in Phase 1 because this allows us to compare the performances of the newsvendor contracts in Phase 1 with that of the behavioral contracts in Phase 2. 8 7 We note that including the 11 subjects who answered at least one test question incorrectly does not alter the main results and all conclusions remain the same as reported below. 8 We assume production costs of c = 100 1 − CR such that the newsvendor order quantities in Phase 1 correspond to first-best order quantities we want to incentivize. For each critical ratio and each subject, we determine behavioral contracts that incentivize the subject to order first-best quantities by setting the behavioral model (Equation (9)) equal to the first-best order quantity (Equation (2)). If no solution exists, e.g., because a subject is too loss averse or anchors too much to incentivize the subject to place high orders, then we choose the contract parameters that incentivize orders that are as close to first-best orders as possible. We offer eight customized contracts to each of the 19 subjects. Because there is large heterogeneity in the behavioral parameters, there is also large heterogeneity in the individual contracts. (The online appendix shows the contract parameters we use.)
We do not inform subjects about our contract optimization approach; i.e., we do not explain that we use their orders under the first 19 contracts to analyze their order behavior and that we take their order behavior into account when designing the following eight contracts. We automate the order analysis and contract optimization such that there is no recognizable time delay between the last treatment of Phase 1 and the first treatment of Phase 2. Therefore, subjects have no indication that optimization takes place between phases and are not aware that two phases exist.
Were we to inform subjects about our optimization approach, they could, in theory, anticipate this and place first phase orders that do not maximize their utility but instead attempt to maximize their utility from both phases of the experiment. Their ability to do this would critically depend on their beliefs about the workings of our optimization algorithm, which they have had no reasonable basis to form. So our implementation of the validation experiment assumes that Phases 1 and 2 behavior are independent, which Actual mean order quantity Actual mean order quantity is a reasonable approach for a first study that uses behavioral insights to design contracts. We do not analyze gaming effects in this paper but note that this could be an interesting topic for future research.
The results of the validation experiment are shown in Figure 5 . The left panel shows the first-best quantities that we want to incentivize versus the mean actual orders placed. Each dot represents the mean orders of the 19 subjects for one of the eight critical ratios used in Phase 2. The 45-degree line indicates where mean actual orders are equal to first-best quantities. The graph shows that the mean actual orders are much closer to first-best quantities than in Phase 1 (see Figure 4 for the mean orders in Phase 1). In Phase 2, the average deviation of the mean actual orders from the target quantities is 5 0. For the same set of critical ratios, the average deviation in Phase 1 is 16 4; i.e., behavioral contracts have an average deviation from first-best that is 69.5% below the average deviation of newsvendor contracts. The average Downloaded from informs.org by [129.110.242 .32] on 12 September 2014, at 10:29 . For personal use only, all rights reserved. absolute deviation of subjects in Phase 2 is significantly lower than in Phase 1 (Wilcoxon sign-rank test of mean deviations, p = 0 002).
Although the performance of Phase 2 shows a substantial improvement over Phase 1, the left panel of Figure 5 indicates that there is still some bias remaining: For large first-best quantities, mean actual orders tend to be below first-best quantities. A closer look at the preferences of the individuals (Table 5) provides an explanation: Some subjects cannot be incentivized to order large quantities. Consider, for example, subject 7. Subject 7 has a strong anchoring bias = 0 447 and an upper bound on the order quantity of this subject is 1− F −1 1 + = 0 553·100+0 447 ·50 5 ≈ 78. In other words, we cannot incentivize order quantities above 78 for subject 7.
Although the left panel of Figure 5 shows how well the behavioral model can be used to reach a target quantity, it is not appropriate for analyzing the predictive accuracy of the behavioral model. Consider again subject 7 and the treatment with critical ratio CR = 0 80. We would like to incentivize an order quantity of 80, but any contract incentivizes orders of at most 78 for this subject. Along with subject 7, there are other subjects that cannot be incentivized to order 80 units and who are therefore offered contracts that incentivize the maximum quantity possible. Averaged over all subjects, we are incentivizing for CR = 0 80 an average order quantity of 71 0; i.e., the behavioral model predicts average orders quantities of 71 0. The mean actual orders for CR = 0 80 are 72 1 and close to the prediction.
The right panel of Figure 5 compares the mean predicted orders and mean actual orders of Phase 2 and can be used to analyze the accuracy of the prediction. From the graph, we can see that actual mean orders are close to the predicted orders. The average difference between predicted and actual mean orders is 1.2 units and 93% below the average deviation of the newsvendor model in Phase 1.
6.1.3. Comparisons of Profits. Besides mean order quantities, an important performance indicator is expected channel profit. Expected channel profit is affected not only by the mean order quantity but also by order variability. For instance, constantly ordering 50 units results in a higher expected channel profit than alternating between 25 and 75 units. In general, expected channel profit is decreasing in order variability.
To quantify the monetary benefit of using the behavioral contracts, we compare the average expected channel profits in Phases 1 and 2 for the treatments that are used in both phases (compare Table 6 , row labeled Individual behavioral contracts). In Phase 1, with newsvendor contracts, subjects place orders that result in an average expected channel profit of 1,365. In Phase 2, with individual behavioral contracts, subjects place orders that result in an average expected channel profit of 1 533 +12 3%), which is significantly higher than in Phase 1 (Wilcoxon signed-rank test, p < 0 001). Therefore, using the behavioral model instead of the newsvendor model results in significant improvements of expected channel profits.
Aggregate vs. Individual
Behavioral Contracts In situations in which it is not possible to offer each buyer an individual contract, the contract designer can use the aggregate behavioral model for contract design. Under aggregate behavioral contracts, all buyers are offered the same contract to incentivize a given target order quantity. We analyze aggregate behavioral contracts in a second validation experiment.
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In Phase 1 of the experiment, we expose N = 24 new subjects to the same J = 19 contracts as in the first validation experiment. Then we estimate an aggregate behavioral model (Equation (7)) as well as an individual behavioral model (Equation (9)). We use both the aggregate and individual behavioral models in a single validation experiment because this allows us to analyze the performance differences between both models using a within subject comparison.
In Phase 2, for the same critical ratios as in Phase 2 of the first validation experiment, we design eight Management Science 59(8), pp. 1800 -1816 , © 2013 contracts using the aggregate behavioral model and, for each subject, we also design eight contracts using the individual behavioral models. Then each subject is exposed to the eight aggregate behavioral contracts (the same for all subjects) and the eight individual behavioral contracts (generally different for each subject). Before we actually offer the 16 contracts to a subject, we randomize the sequence in which they are offered to avoid order effects.
The results are summarized in Table 6 in the row labeled Aggregate vs. individual behavioral contracts. The expected profits under the aggregate behavioral contracts are 9.4% higher in Phase 2 than in Phase 1 (Wilcoxon signed-rank test, p < 0 001). The expected profits under individual behavioral contracts are 11.3% higher in Phase 2 than in Phase 1 (Wilcoxon signed-rank test, p < 0 001). The difference in expected profits of the individual and aggregate behavioral model is 11 3% − 9 4% = 1 9% and only weakly significant (Wilcoxon signed-rank test, p = 0 096). So the aggregate model (somewhat surprisingly) performs nearly as well as the individual model, which speaks to the practicality of our approach: In real contracting arrangements, implementing an aggregate model is likely to be both more practical and less vulnerable to gaming than implementing an individual model.
Training vs. Individual Behavioral Contracts
We argue that subjects generally have behavioral preferences that differ from those of the newsvendor model. According to our model, these behavioral parameters belong to the subjects' personality traitssubjects place biased orders intentionally and not by mistake. However, an alternative explanation of the order pattern that we observe, and that as modelers we should always consider, is a lack of good understanding of the underlying newsvendor model. We address this issue in an additional validation experiment where we provide training on the newsvendor model.
The validation experiment has three phases. Phases 1 and 2 are the same as those of the first validation experiment; i.e., in Phase 1, we expose the subjects to 19 different contracts to estimate the behavioral parameters of each subject and in Phase 2 we offer each subject eight individualized contracts. At the beginning of Phase 3, before any order is placed in Phase 3, we provide subjects with additional training on the newsvendor model. After training, we offer subjects again eight out of the 19 contracts of Phase 1. We use the same eight contracts that are individualized in Phase 2 to analyze how training affects the subjects' orders.
As part of the training, we first explain the newsvendor model in detail by essentially repeating the initial briefing. Next, using a numerical example with w = 67 b = 40, and r = 100, we illustrate the effect of the order quantity on expected profits and show how the order quantity affects expected sales, expected returns, minimum and maximum profits, and loss probabilities. Then we explain how the expected profit maximizing order quantity can be computed (standard textbook derivation), illustrate the approach using an example, and explain that compensation in the actual experiment will be based on average profit. The training slides are contained in the online appendix.
Before subjects can place orders in Phase 3, we ask them to solve an exercise (w = 80, b = 60, r = 100, demand uniform between 1 and 100). We ask them to determine the expected profit maximizing order quantity and to determine additional performance indicators for order quantities of 40 and 50: expected sales and returns, minimum and maximum profits, and loss probabilities. Subjects can continue only after they have answered all questions correctly. We use this approach to ensure that the subjects are able to compute the newsvendor quantity from the data and that they are aware of the consequences of their order decision on potential losses and on expected revenue streams.
In the validation experiment, we use 19 new subjects. The results are summarized in Table 6 in the row labeled Training vs. individual behavioral contracts. The results for Phases 1 and 2 are similar to those of the first validation experiment. The increase in expected channel profits from Phase 1 to Phase 2 is 10.7% (Wilcoxon signed-rank test, p < 0 001). The results for Phase 3 show that training weakly increases expected channel profits over Phase 1 by 5.4% (Wilcoxon signed-rank test, p = 0 059).
To gain a better understanding of the effect of training on order behavior, we use maximum likelihood estimation to estimate aggregate behavioral models for Phases 1 and 3. For the estimations, we use only the eight critical ratios used in both phases. For Phase 1, we obtain = 0 335 = 3 46, and = 1 16; for Phase 3, we obtain = 0 257 = 2 06, and = 1 10. The results show that training has an effect on the behavioral parameters, but only is significantly different in Phase 3 from Phase 1 (p < 0 01 for , p > 0 2 for and ), and we conclude that training might move the behavioral parameters toward the values of the newsvendor model. However, all three parameters of the aggregate behavioral model in Phase 3 remain significantly different from those of the newsvendor model (p < 0 001), which indicates that training removes some of the decision bias but does not eliminate it. Bolton et al. (2012) found similar results for training in their study.
The results of the experiment also show that the individual contracts applied to untrained subjects Downloaded from informs.org by [129.110.242 .32] on 12 September 2014, at 10:29 . For personal use only, all rights reserved.
(Phase 2) perform better than newsvendor contracts applied to trained subjects (Phase 3). In the experiment, expected profit in Phase 2 is 5.3% higher than in Phase 3 (Wilcoxon signed-rank test, p = 0 046).
Conclusion
There exists a large body of literature on supply contracting that assumes that people place orders according to the newsvendor problem. We have seen that generally this assumption does not hold and that decision makers anchor on the mean demand, are averse to losses, and value different income streams differently. The behavioral model we propose takes these three effects into account and provides a more realistic building block for contract design than the newsvendor model does.
There are managerial implications from our research. It shows that people respond irrationally to supply contracts but that their responses can be reasonably well predicted. Contract designers who are aware of this might consider choosing contracts with high buyback prices and high wholesale prices rather than contracts with low buyback prices and low wholesale prices. Our research indicates that such contracts would be preferred by many buyers. However, there are also buyers who prefer the Appendix A. Predicted vs. Actual Orders by Subject Notes. The scale of both axes is 0-100. x-Axis: newsvendor quantity. y -Axis: actual order quantity. The numbers in the circles denote the subject. Each dot corresponds to an order. opposite, and the task of the contract designer is to classify the buyer. Because peoples' behavioral preferences differ, we cannot provide recommendations that hold universally. However, we can provide the general recommendation to realize that people often value different income streams differently, that they frame a contract, and that they place a different value on gains than on losses, information that can be valuable in contract design. We analyze order behavior in a laboratory environment, which allows us to isolate the effects we are interested in. In reality, additional effects are likely to be relevant, such as social preferences (e.g., fairness and trust; see Cui et al. 2007) , competition, and the frequency of the interaction. Although our research provides some insights into the effect of some of the relevant factors on order behavior, there is ample room for future research to analyze additional factors and develop decision support models that map reality more closely than our model does. Notes. The scale of both axes is 0-100. x-Axis: aggregate behavioral model quantity. y -Axis: actual order quantity. The numbers in the circles denote the subject. Each dot corresponds to an order. For the individual behavioral model, the test indicates a deviation from normal distribution (due to strong kurtosis = 4 22) (p < 0 01). The use of a maximum likelihood estimation assuming normally distributed errors is justified because the distribution of the residuals is fairly symmetric (skewness = 0 59) and so the estimates are consistent. Note that the random intercepts are zero by definition for the individual model so we leave them out here.
